In this study, a crater detection method for a moon-landing system with low computational resources is proposed. The proposed method is applied to the Smart Lander for Investigating Moon (SLIM), which aims for a pin-point landing on the moon. According to this plan, surface images of the moon will be captured by a camera mounted on the space probe, and the craters are to be detected from the images. Based on the positional relationship between detected craters, the method estimates the exact flight position of the space probe. Because the computational resources of SLIM are limited, rapid and accurate crater detection must be performed using fixed-point arithmetic on a field-programmable gate array (FPGA). This study proposes a crater detection method that uses principal component analysis (PCA). The computational processing for crater detection by PCA is performed by product-sum operations, which are suitable for fixed-point arithmetic. Moreover, this method is capable of parallel processing; hence high-speed processing is expected. This study not only introduces a crater detection method using PCA but also evaluates the properties of this method.
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Introduction
Currently, Smart Lander for Investigating Moon (SLIM) 1) aims for a pin-point landing on the moon surface, as planned by JAXA/ISAS. To realize this plan, the precise determination of flight position by self-navigation is important.
In this study, we discuss a method for estimating flight position based on the positional relationship among the numerous craters on the moon. In addition, rapid and highly-accurate crater detection is necessary to realize this feat with the given low computational resources, e.g., field-programmable gate arrays (FPGAs).
To meet this challenge, we earlier proposed a crater detection method based on Haar-like and LBP features, [1] [2] [3] [4] which is applied to face detection from digital images. This method uses a number of rapid but weak object detectors. The weak detectors learn from a number of positive (crater) and negative (not crater) images using supervised machine learning methods such as the Ada-Boost algorithm. 5, 6) When the general computer is used, this method performs satisfactorily in terms of rapid processing and detection rate. However, such methods frequently rely on highly accurate computation to maintain a high detection rate; hence, the selected method cannot be expected to provide rapid processing when implemented in an FPGA. Furthermore, in various object-detection methods, a change in luminance due to the properties of the camera often reduces the detection rate.
To overcome these problems, we propose a crater detection method that uses principal component analysis (PCA). 7, 8) PCA is a technique for extracting a component that is uncorrelated with the others from a large number of statistical data, such as crater images. Moreover, the uncorrelated component that has a high contribution rate on image representation can be found by priority. Therefore, PCA is often used for information compression and normalization of the images. 7) Conversely, when the correlation value between the uncorrelated principal components with high contribution rate and the analyzed image data is calculated, the correlation value of the desired object position should be at a local maximum (or a local minimum). Thus, PCA can be applied to an object detection method. 8) The principal components are estimated in advance using a large number of crater images; hence, detecting craters from the space probe requires only calculating the correlation value by product-sum operations. If 16-bit fixed-point arithmetic is used to calculate the correlation value, the product-sum operation offers sufficient calculation accuracy; hence, this method can easily be implemented with an FPGA.
Furthermore, we confirmed that the correlation value between the principal component and the image data is essentially unaffected by changes in luminance in the image, 3) which allows us to detect objects independent of the luminance change.
In this paper, we first introduce the principle of crater detection method by PCA. Next, we evaluate the properties of the proposed crater detection. Finally, we demonstrate the effectiveness and practicality of the proposed method.
Principal Component Analysis (PCA)
PCA is a technique for extracting uncorrelated components from a set of statistical data. The original data is reconstructed from a linear combination of the extracted uncorrelated components.
In PCA, the high-contributing uncorrelated components to data reconstruction are estimated by priority. Consequently, the original data can be reconstructed by a small number of uncorrelated components, each with a high contribution. Therefore, PCA is usually used to compress information and normalize the original data.
We apply PCA to crater detection. First, the highcontributing uncorrelated components are estimated using a number of crater images. Next, the correlation values between estimated uncorrelated components and an image of the moon surface are calculated. As the result, the correlation value should be higher at the crater position in the image. Therefore, PCA can be used in object detection, such as crater detection.
Estimate of correlation value
First, a monochrome crater image img(i,j) is prepared. The size of crater image is set to N×N pixels.
The crater image constitutes two-dimensional data; hence, it is first converted to one-dimensional data xn, for example, by raster scanning. Furthermore, the average value Av(img) of the entire image is subtracted from the image data. As a result, the observed vector x is obtained as follows:
In PCA, the observed vector x is projected onto the principal component axis using the transformation matrix W; thus, the correlation vector y is calculated as follows: 
where the principal component vectors wk are estimated as orthogonal unit vectors:
for for (7) In addition, the transformation matrix W can be estimated from the optimization problem with constraints. When P crater images x(i) :
are prepared, the matrix X is first created as follows:
The size of the matrix S becomes M×M. The eigenvectors of matrix S correspond to the principal components wk :
Since the eigenvector corresponding to the largest eigenvalue represents well the common feature of the analyzed images, the eigenvectors are used by sorting them in descending order of their eigenvalues. Namely, the principal component w0 corresponds to the eigenvector with the maximum eigenvalue of matrix S.
. Principal components of crater images
In this section, we analyze the characteristics of the crater images by PCA. Figure 1 shows the examples of crater images used in this evaluation. These images contain various luminance and contrast; however, the brightness direction of the crater is unified.
When the principal component is used for crater detection, the principal component data are used to rotate in accordance with the brightness direction of the craters. However, the rotation angle of the principal component data is limited to 0°, 90°, 180°, or 270°; thus, one principal component must be able to detect the crater that has a brightness direction in the 90° range. 4) To estimate the principal components, the crater images that are rotated to the left and right are summed together. The rotation range is 45° to the left and right, and the images are rotated in increments of 5°. As a result, the total number of images required is about P = 15000. When images are used for PCA, they are resized according to the size of the required eigenvectors. Here, crater sizes in all the images are unified. In this study, the size of the N×N crater images is set to 15×15 (M = 225).
The images made from the estimated principal components are shown in Fig. 2 .
The images of the principal components well represent a common feature of the craters. In particular, the images of w0 corresponding to the maximum eigenvalue clearly shows the feature of the crater. The contribution rate of the estimated principal component is calculated by
where k is the eigenvalue corresponding to the principal component (eigenvector) wk on the matrix S. Table 1 shows the contribution rates of the estimated principal components wk in this experiment. As the table shows, the principal component w0 corresponding to the maximum eigenvalue already represents more than half the crater features; hence, PCA is able to accurately capture the main features of the crater.
Properties of Crater Detection using Principal Component Analysis
In this section, we evaluate the properties of the proposed crater detection method using PCA.
Principle of the crater detection
We use the kth principal component wk with N×N pixels. The image to be analyzed is Trg(x,y) with L×L pixels.
The distribution of the correlation value, yk(X,Y), between the principal component and the target image is obtained by
. When the local maximum value of yk(Xp,Yp) is detected, the central coordinate of the crater is estimated as the central coordinate of the principal component image. In other words, the central coordinate of crater (xc,yc) in the target image Trg(x,y) is shown as follows when N is odd:
and as follows when N is even:
As mentioned in the introduction, since integer arithmetic by FPGA is assumed in this study, N/2 is represented by an integer. When N is even, since the center coordinate of the detected crater is located between pixels, the size N of principal component is set to an odd number.
In this experiment, the crater image Img(x,y) shown in Fig.  3 is used for evaluation. This image is a synthesized image provided by JAXA and is not used to estimate the principal components. Figure 4 shows the results of the calculation of the correlation value y0(X,Y) on the Img(x,y) shown in Fig. 3 . In  Fig. 4 , the principal component w0 is used. Due to the characteristics of w0, the central coordinate (Xp,Yp) = (25,25) corresponds to the crater position with the local maximum of the correlation value at y0(Xp,Yp). The size of the principal component w0 is N = 15; therefore, the center coordinate of crater is calculated as (xc,yc) = (25+7+1, 25+7+1) = (33, 33) by Eq. (12a).
Influence of luminance and contrast of target image
The characteristics of the camera to be mounted on the space probe are unknown at present; thus, the crater detection method must work with images of various properties. Therefore, the proposed method is applied to images with various luminance and contrast. In this section, we evaluate the detection characteristics of the method under these circumstances.
The average luminance in Img(x,y) is 126. The original image Org(x,y) used for this evaluation is first defined as
Next, the following expression is defined to modify the luminance and contrast of the image:
The coefficients b and c alter the luminance and contrast of the image, respectively. When Eq. (14) is substituted into Eq. The central coordinate of the crater is specified by the position of maximum correlation value. Thus, the detection is not affected by the changes in contrast. However, we find that the crater size can also be estimated based on the width of the correlation value. 4) Therefore, if accurately estimating the crater size is necessary, adjusting the size based on the image contrast is important.
In addition, the second term of Eq. (15), which includes the luminance coefficient b, will always be 0 in theory in a PCA if there is no calculation error:
This property is due to the use of image data from which the average luminance has been removed [see Eqs. (1) and (2)]. This experiment thus confirms that crater detection using PCA is not influenced by changes in luminance.
However, the arithmetic that will be used in space probe is the fixed-point format shown (see Fig. 5 ) rather than the floating-point format. Therefore, an error occurs in expressing the value of principal components wk according to the number of bits to the right of the decimal point.
The results of calculations of Tk using various numerical formats are shown in Table 2 . These results show that, depending on the number B of bits to the right of the decimal point, the calculation errors may become sufficiently small.
In this study, the number B of bits is set to 15. If 256 is maximum luminesces change, the correlation value y0(X,Y) for w0 becomes 256×0.00049 = 0.12544. Therefore, the errors have very little effect on the numerical format, which means that the proposed method is capable of detecting craters without being affected by changes in luminance.
Corresponding to craters of various sizes and its application
Although the size N of the principal component w0 is fixed, craters of various size can be detected. The shape of the correlation curve y0(X, Y) is a function of the size of the crater to be detected. The enlarged and reduced images in Fig. 3 are shown again in Fig. 6 , and the correlation curves y0(X, Y),
, Y = 25, for these images are shown in Fig. 7 . To eliminate the influence of the blank part of the outer periphery, only the correlation values of the craters around the center are shown in Fig. 7 , corresponding to the reduced images 5×5 to 13×13.
As the figure shows, the sharpness of the correlation curve y0(X, 25) depends on the size of the crater, which means that the proposed method can detect craters of various sizes. In addition, the proposed method allows the size range of detected craters to be determined by providing a threshold level on the sharpness of the correlation curve.
Moreover, the center values y0(25, 25) of the correlation also changes. To avoid detecting objects other than craters, we define a threshold Thcrater on the correlation value y0(X, Y). This threshold determines the range of size of detectable craters. As an example, the 5×5 pixel crater in Fig. 7 is not in the detectable range.
Besides, the horizontal lines in Fig. 7 indicate the crater size. As the figure shows, the sharpness of the correlation curve changes according to crater size; however, the threshold on the correlation value for determining crater size is not constant, and the shape of the correlation curve is not necessarily symmetric about the center y0 (25, 25) . In this study, we try to detect an approximate crater size by defining the single threshold Thsize shown in Fig. 7 . The threshold Thsize is aligned with the threshold of the 25×25 pixel crater, which is assumed to be the largest detectable target. A more precise crater size may be calculated using the conversion table built up from many crater images.
Improving the Shape of the Principal Component
In the previous section, craters are detected using the square-type principal component. This type of principal component can be applied to general object detection. 2, 7) In this section, we consider the principal component corresponding to the shape of the detected object, and our goal is to improve the detection characteristics. Note that the crater size in images used for estimations is scaled by a given size depending on the size of the principal component, as in the case of the principal component of a square.
Principal component of circular shape
Figure 8(a) shows an example of the principal component of a circular shape. When circular objects, such as craters, are analyzed using the square principal component, the calculated correlation value y0(X, Y) is influenced by the terrain surrounding of the crater. By using a circular principal component, crater detection should not be affected by the surrounding terrain, and the accuracy with which the coordinates of the crater center are determined should improve. Furthermore, the number of product-sum operations required for calculating the correlation value is reduced; hence, it is suitable for situations that offer low computational resources.
Principal component of toroidal shape
As mentioned in section 3.3, detecting large craters can be excluded based on the sharpness of the correlation curves. Namely, the largest detectable crater can be determined by the sharpness of correlation curve y0(X, Y). However, no method exists to determine the smallest detectable crater; thus, all the craters with correlation value y0(X, Y) exceeding the threshold Thcrater are detected.
The information on the position of the detected craters is matched with the crater database, and the flight position is estimated based on the positional relationship between the craters 9) . Because many small craters exist, the capacity of the database is increased. Figure 8(b) shows an example of the principal component for the toroidal shape. This shape has a hole in the center; thus, it excludes any correlation value calculation with small craters.
Comparison of detection capability
In this section, we evaluate the crater detection capability obtained using the principal component of square, circular, and toroidal shapes. Figure 9 shows the estimated principal components, and Fig.  10 shows the correlation curves obtained using w0 for circular and toroidal principal components. The target images being analyzed are shown in Fig. 6 .
The characteristics shown in Fig. 10(a) are similar to those of Fig. 7 . Therefore, we conclude that the circular principal component is sufficiently practical.
Besides, for the toroidal principal component, the correlation values of small craters, such as those with 5×5 and 7×7 pixel images, have become smaller. This indicates that analysis by toroidal principal component is possible for disqualifying small craters from detection.
However, the peak position of the correlation curve often deviates from the crater center (X = 25) due to the local light and dark areas of the crater; hence, the analysis based on only the toroidal principal component reduces the accuracy with which the crater position is determined.
Proposal of the Crater Detection Algorithm
Based on the understanding obtained in sections 3 and 4, we now propose a novel method to detect craters.
Procedure of the crater detection
The guidelines for detecting a crater are shown in Fig. 11 . As the figure shows, three thresholds are used. In particular, the threshold Thsharpness is used to determine the sharpness of the correlation curve.
The crater detection procedure is as follows: (1 Thsharpness, the point (Xp,Yp) is disqualified as a crater center because the position (Xp,Yp) is judged to be the center of a larger crater. Otherwise, the size of the crater is measured based on the threshold Thsize. In step (4), the parameter Di is used to disqualify excessively large craters from detection; however, evaluation by the parameter Di is done for all craters, including small craters. As a result, the parameter Di is determined based on the size of the smallest crater to be detected. In this experiment, since the size of the smallest crater to be evaluated is assumed to be 5 pixels in diameter, the parameter Di is set to 2.
Experimental examples
An experimental example of crater detection using the proposed method is shown in Fig. 12 . Figure 12 (a) shows an artificially synthesized target image of the moon (it is not used to estimate the principal components).
Figure 12(b) shows the correlation value y0(X,Y) using w0 for a toroidal principal component. Figure 12(c) shows the correlation values from Fig. 12(b) that exceed the threshold Thcrater. The bright spots indicate high correlation values. The figure shows that the intensity distribution of the correlation value becomes a long horizontal ellipse; therefore, the crater size may be measured in the horizontal direction. If the correlation value in the horizontal direction does not form an ellipse with a long diameter due to a crater that is slightly rotated, the long diameter in the required direction must be searched in accordance with the direction perpendicular to the brightness direction of the crater.
Figures 12(d) and 12(e) show the results of crater detection. In these figures, the local maxima of the correlation value that exceed the threshold Thcrater are detected. The detected local maxima are assigned the center coordinates for the given crater (+ signs are displayed at these positions).
Pretreatment by toroidal principal component is used in Fig.  12(c) , whereas it is not used in Fig. 12(e) . As Fig. 12(d) shows, craters of various sizes are detected; however, small craters are not detected as planned. In addition, since the threshold Thsharpness relating to the sharpness of the correlation curve is set in this detection, large craters are excluded from detection.
Figures 12(f) and 12(g) show the estimated size of the craters shown in Figs. 12(d) and 12(e), respectively. The size of a crater is specified by the distance between the points where the correlation curve crosses the threshold Thsize. The threshold Thsize is defined as 120 on the basis of a number of experiments. The sizes of the circles displayed in the Figs. 12(f) and 12(g) are determined using the width specified by the correlation curve. As the figures show, the size of some craters is incorrectly estimated. In particular, the small craters in Fig. 12(d) (less than 7×7 pixel size) should not be detected; nevertheless, the size of these craters is estimated to be smaller using the threshold Thsize. As previously mentioned, the size determined for a given crater is expected to be very accurate based on the conversion table that is created by considering the shading ratio of the crater, the contrast characteristics of the captured images, etc. A more accurate estimate of crater size will have to await further works.
Creating the crater database
The center coordinates of detected craters are compared with the crater database to accurately determine the flight position. To determine a precise flight position, the coordinates of the crater, which are obtained based on the captured image, must be very accurate for a meaningful comparison with the database.
In addition, the circuitry to implement the proposed method is assumed to perform integer arithmetic, such as an FPGA. Namely, in the database to be prepared, crater coordinates and sizes must be represented by integers. Unfortunately, no such crater database exists at present.
At JAXA, the image of the lunar surface is artificially synthesized based on the flight plan of the space probe; therefore, the crater database is created by applying the proposed method to the synthesized images. By applying this policy, we expect to obtain a crater database suitable for use with the proposed method.
Conclusions
This paper proposes a crater detection method that uses PCA and that should be suitable for situations where computational resources are lacking. The major operation of the proposed method is a product-sum operation that accuracy is maintained even with fixed-point arithmetic.
Basically, the crater position can be determined by detecting the position of the maximum value of the calculated correlation value y0(X, Y). In particular, craters of various sizes can be detected, even when using a principal component with a specific size N.
However, since the shape of craters varies, a countermeasure against the erroneous detection is necessary. Moreover, any error in the position of the detected craters must be reduced as much as possible.
In this study, we first examine the principal component of the square type for characterizing the crater detection capabilities of the proposed method. The results confirm that the method that uses PCA allows the craters to be stably detected independent of any changes in image luminance.
Next, we detect craters using the circular and toroidal principal components, which confirm that fewer product-sum operations are required for calculating the correlation value and that small craters can be disqualified from detection.
These properties are superior to those of conventional methods, such as those that use Haar-like and LBP features. We thus conclude that the proposed method constitutes a practical method to detect craters.
Furthermore, the thresholds Thcrater, Thsharpness, and Thsize may be tuned according to the characteristics of the actual camera. Automating these thresholds is left for future work.
